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e Atypical setup: (1) run a data analysis on available data to
reach a decision; (2) apply that decision to new data
 £E.g. (1) conclude microcredit helps, then (2) distribute it

* Might worry about generalization it replicability fails: E.g. Iin

repeat of 100 psych experiments, <1/2 had same result
[Open Science Collaboration, 2015]

* Of 53 hematology/oncology papers, 6 had same result
[Begley, Ellis 2012]

 We review: how generalization could fail (when everyone
s well-meaning & using vetted tools) and mitigations

 And we propose a check for stability (not a cure-all)
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 An example analysis: microcredit

e Challenges and mitigations
e Collecting data
e Jurning your real-lite problem into math
* Algorithms
 Code

* A stability check: can dropping a small fraction of
data change conclusions?

* |In an existing study, we can drop 1 out of >16,500
data points and flip the sign of the eftect

* This check isn't equivalent to standard tools
(gross outliers, p-values, etc)




Roadmap

 An example analysis: microcredit



Example analysis: microcredit



Example analysis: microcredit

Real-world goal: Want to know it microcredit helps people



Example analysis: microcredit

Rea

1. F

-world goal: Want to know if microcredit helps people

ave to turn this goal into measurements on actua

 What counts as “help”? E.Q. increase business p

data

rofit



Example analysis: microcredit

Real-world goal: Want to know it microcredit helps people

1. Have to turn this goal into measurements on actual data
 What counts as “help”? E.Q. increase business profit
 Who gets measured? Particular people, location, etc




Example analysis: microcredit

Real-world goal: Want to know it microcredit helps people
1. Have to turn this goal into measurements on actual data

 What counts as “help”? E.Q. increase business profit
 Who gets measured? Particular people, location, etc
 How is data collected” Survey: In-person, phone, malil




Example analysis: microcredit

Real-world goal: Want to know it microcredit helps people

1. Have to turn this goal into measurements on actual data
 What counts as “help”? E.Q. increase business profit
 Who gets measured? Particular people, location, etc
 How is data collected” Survey: In-person, phone, malil
 How is it distributed” Randomized controlled trial




Example analysis: microcredit

Real-world goal: Want to know it microcredit helps people

1. Have to turn this goal into measurements on actual data
 What counts as “help”? E.Q. increase business profit
 Who gets measured? Particular people, location, etc
 How is data collected” Survey: In-person, phone, malil
 How is it distributed” Randomized controlled trial

2. Have to figure out how to make a decision from this data




Example analysis: microcredit

Real-world goal: Want to know it microcredit helps people

1. Have to turn this goal into measurements on actual data
 What counts as “help”? E.Q. increase business profit
 Who gets measured? Particular people, location, etc
 How is data collected” Survey: In-person, phone, malil
 How is it distributed” Randomized controlled trial

2. Have to figure out how to make a decision from this data

 What counts as “increasing profit”? E.g. Compare mean
profit of groups receiving and not receiving microcredit.

Look for a statistically significant positive eftect.




Example analysis: microcredit

Real-world goal: Want to know it microcredit helps people

1. Have to turn this goal into measurements on actual data
 What counts as “help”? E.Q. increase business profit
 Who gets measured? Particular people, location, etc
 How is data collected” Survey: In-person, phone, malil
 How is it distributed” Randomized controlled trial

2. Have to figure out how to make a decision from this data

 What counts as “increasing profit”? E.g. Compare mean
profit of groups receiving and not receiving microcredit.

Look for a statistically significant positive eftect.

3. Have to choose an algorithm: E.g. ordinary least squares,
Markov chain Monte Carlo, a deep learning method




Example analysis: microcredit

Real-world goal: Want to know it microcredit helps people
1. Have to turn this goal into measurements on actual data

 What counts as “help”? E.Q. increase business profit
 Who gets measured? Particular people, location, etc

 How is data collected” Survey: In-person, phone, malil
 How is it distributed” Randomized controlled trial

2. Have to figure out
 What counts as *

now to make a decision from this data

increasing profit”? E.g. Compare mean

profit of groups receiving and not receiving microcredit.
Look for a statistically significant positive eftect.

3. Have to choose an algorithm: E.g. ordinary least squares,

Markov chain Monte Carlo, a deep learning method

4. Have to choose code: Packages, but also full pipeline

3



Example analysis: microcredit

Real-world goal: Want to know it microcredit helps people

1. Rave to turn this goal into measurements on actual data
 What counts as “help”? E.Q. increase business profit
 Who gets measured? Particular people, location, etc
 How is data collected” Survey: In-person, phone, malil
 How is it distributed” Randomized controlled trial

2. Have to figure out how to make a decision from this data

 What counts as “increasing profit”? E.g. Compare mean
profit of groups receiving and not receiving microcredit.

Look for a statistically significant positive eftect.

3. Have to choose an algorithm: E.g. ordinary least squares,
Markov chain Monte Carlo, a deep learning method

34. Have to choose code: Packages, but also full pipeline




Choosing actual measurements

* |t's hard to measure what | care about. |s a proxy ok?



Choosing actual measurements

* |t's hard to measure what | care about. |s a proxy ok?
 Hard to avoid some type of proxy, so let's hope so! But:




Choosing actual measurements

* |t's hard to measure what | care about. |s a proxy ok?
 Hard to avoid some type of proxy, so let's hope so! But:

e Some populations face anemia: not enough healthy red

blood cells/hemoglobin to carry oxygen to the body
[Charles+ 11; Rappaport+ 17; Wieringa+ 16, www.mayoclinic.org/diseases-conditions/anemia/]




Choosing actual measurements

* |t's hard to measure what | care about. |s a proxy ok?
 Hard to avoid some type of proxy, so let's hope so! But:

e Some populations face anemia: not enough healthy red

blood cells/hemoglobin to carry oxygen to the body
[Charles+ 11; Rappaport+ 17; Wieringa+ 16, www.mayoclinic.org/diseases-conditions/anemia/]

e 2 (of many) causes: iron deficiency, genetic disorders




Choosing actual measurements

* |t's hard to measure what | care about. |s a proxy ok?
 Hard to avoid some type of proxy, so let's hope so! But:

e Some populations face anemia: not enough healthy red

blood cells/hemoglobin to carry oxygen to the body
[Charles+ 11; Rappaport+ 17; Wieringa+ 16, www.mayoclinic.org/diseases-conditions/anemia/]

e 2 (of many) causes: iron deficiency, genetic disorders

* An intervention might increase measures of iron in
blood without reducing anemia




Choosing actual measurements

* |t's hard to measure what | care about. |s a proxy ok?
 Hard to avoid some type of proxy, so let's hope so! But:

e Some populations face anemia: not enough healthy red

blood cells/hemoglobin to carry oxygen to the body
[Charles+ 11; Rappaport+ 17; Wieringa+ 16, www.mayoclinic.org/diseases-conditions/anemia/]

e 2 (of many) causes: iron deficiency, genetic disorders

e An Interv

ention might increase measures of iron in

blood without reducing anemia

e |f]run aranc

omized controlled trial, doesn’t that guarantee

any benefit |-

Ind will generalize” Job placement assistance
[Crépon et al 2013]



Choosing actual measurements

* |t's hard to measure what | care about. |s a proxy ok?
 Hard to avoid some type of proxy, so let's hope so! But:

e Some populations face anemia: not enough healthy red

blood cells/hemoglobin to carry oxygen to the body
[Charles+ 11; Rappaport+ 17; Wieringa+ 16, www.mayoclinic.org/diseases-conditions/anemia/]

e 2 (of many) causes: iron deficiency, genetic disorders

* An intervention might increase measures of iron in
blood without reducing anemia

* |f | run a randomized controlled trial, doesn’t that guarantee

any benetfit | find will generalize” Job placement assistance
[Crépon et al 2013]

e Concluded benetits at 8 months, gone by 12 months




Choosing actual measurements

* |t's hard to measure what | care about. |s a proxy ok?
 Hard to avoid some type of proxy, so let's hope so! But:

e Some populations face anemia: not enough healthy red

blood cells/hemoglobin to carry oxygen to the body
[Charles+ 11; Rappaport+ 17; Wieringa+ 16, www.mayoclinic.org/diseases-conditions/anemia/]

e 2 (of many) causes: iron deficiency, genetic disorders

* An intervention might increase measures of iron in
blood without reducing anemia

* |f | run a randomized controlled trial, doesn’t that guarantee

any benetfit | find will generalize” Job placement assistance
[Crépon et al 2013]

* Concluded benefits at 8 months, gone by 12 months
* Benefits seemed to be at expense of other workers




Choosing actual measurements

* |t's hard to measure what | care about. |s a proxy ok?
 Hard to avoid some type of proxy, so let's hope so! But:

e Some populations face anemia: not enough healthy red

blood cells/hemoglobin to carry oxygen to the body
[Charles+ 11; Rappaport+ 17; Wieringa+ 16, www.mayoclinic.org/diseases-conditions/anemia/]

e 2 (of many) causes: iron deficiency, genetic disorders
* An intervention might increase measures of iron in
blood without reducing anemia

* |f | run a randomized controlled trial, doesn’t that guarantee

any benetfit | find will generalize” Job placement assistance
[Crépon et al 2013]

* Concluded benefits at 8 months, gone by 12 months
* Benefits seemed to be at expense of other workers

* Mitigations: domain expertise, context, team science




Choosing actual measurements

* |t's hard to measure what | care about. |s a proxy ok?
 Hard to avoid some type of proxy, so let's hope so! But:

e Some populations face anemia: not enough healthy red
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[Crépon et al 2013]

* Concluded benefits at 8 months, gone by 12 months
* Benefits seemed to be at expense of other workers

* Mitigations: domain expertise, context, team science

* |[mportance of longer-range/larger-scale experiments
4+ (#many small experiments), incentives, funding
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why would | ever worry about bugs”?

* Natural to outsource code (team science)
* The issues highlighted above are in pre-processing.

* That scientific area over there has a problem with bugs (or
replicability or another issue), not mine.

* Biased sample: We find more problems when people
check for problems. (Easy to disincentivize checking.)
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e SO what can we do?

 Bugs aren'’t solved by spreading awareness, even of
particular bugs. 2016: 20% of studied papers had Excel
error that "autocorrects” certain gene names into dates;

2021: 30% of studied papers had this issue
[Zeeberg et al 2004; Zieman et al 2016; Abeysooriya et al 2021; Lewis 2021]

e Shaming people doesn't seem very effective. People

worry their code isn't perfect (it's not!) and don't share it.
e Start: journals require code. Next: enforcement, checks.
e Tools to support tracking models/packages/pipelines.

[Stodden et al 2014, 2 16; Vartak et aI%O16; Ge.bru et al 2021; Heil et al 2021; wandb.ai]
* But this code is complex. Does it really need to be shared?

* Nature gives pass to Al for detecting breast cancer: no
[McKinney et al 2020;

code or full detail of the method Haibe-Kains 2021]

» 13/62 Al methods for diagnosis from images gave code
[Roberts et al 2021]

e Other groups can’t check (and can't build on it)
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guarantees are mathematical

Turning high-level goals into matn

* OK but if we're good data analysts with bug-free code and
the same data, we'll all reach the same conclusions, right”
e 29 teams used same data to answer “are soccer referees

more likely to give red cards to dark-skin-toned players?”
[Silberzahn’et al 2018]
e 20 teams concluded yes, 9 teams did not

.+ Did not find variability due to beliefs, expertise, quality
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3

ISN’t a cure-all
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s the complex Al the problem? When using simpler/vetted
methods, we are often still using convenient proxies

* High-level goal: Figure out if microcredit is helping people
e Formalization: Decide microcredit is helpful it mean

business profit is hig
* Imagine a world w

Ner In groups receiving microcredit

nere no one benefits from microcredit

except for a tiny handful of people = Conclude: it helps
e In US, household net worth mean ~$1M, median ~$193K

|Federal Reserve Board’s Division of Research and Statistics, 2023]
* Linear models + ordinary least squares are standard in

many areas of science & social science
* (Typically) closed-form, unique solution. Well-vetted
code, theory. Relatively easy to understand

* Removing outliers isn't a panacea: E.g. ozone depletion
f|rst flagged as outliers to NASA (then checked)

[Earth Observatory, NASA, 2001; Pukelsheim, 1990]
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* Roughly, a p-value tells us how likely our data (summary)
IS under one model; It it's unlikely, we “reject” that model

 "All models are wrong,” so expect p-value to get small
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[Box, 1976; Wang, Long 2022]
SO what can we do”

* Bin Yu advocates for the importance of stability
[Yu, 2013, 2020; Yu, Kumbier 2020]

* Microcredit: multiple randomized controlled trials In
different countries by different researchers

e |[mportance of incentivizing follow-up work, replication
* Not always feasible to convene multiple teams

* Explainability as a form of stability
[Arrieta et al 2020; Doshi-Velez et al 2017; Zhang et al 2020; Mittelstadt et al 2019]

* Best practice: Visualizing and investigating the data
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A fast, easy-to-use check for stability

* Might worry about stability/generalization if could drop a
tiny fraction of data and change substantive conclusions

 E.g.In astudy of microcredit with ~16,500 data points,
we can drop one data point to flip the sign of the effect

 We can drop 15 data points to get a statistically
significant eftect of the opposite sign

* Challenge: Way too costly to check every data subset
 Would take >1044 years to check the data analysis above

« We show: an approximation is tast, easy-to-use, accurate
* [ast: seconds to run on data analysis above
 Easy-to-use: no need for user to derive equations

* Accurate: We have theory. But more importantly, we
return the dropped points, so can check directly

 Note: any useful data analysis is sensitive to some change
11
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 We have to drop >4% data to change conclusions

* Removing outliers isn’t a panacea
* Angelucci & De Giorgi 2009 look at “spillover” effect on
non-poor households In the same village
* Original analysis removes the largest responses
 We can drop 3 points of >4,000 & change significance

* p-hacking isn’t robust to dropping a small data

fraction: - michaelwiebe.com/blog/2021/01/amip

o rgiordan.github.io/robustness/2021/09/17/amip_p_hacking.html
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Conclusions & Resources

We review some challenges and mitigations in trusting data
analyses (even when everyone is well-meaning)

Paper: Broderick, Gelman, Meager, Smith, Zheng. “Toward
a taxonomy of trust for probabilistic machine learning.”
Science Advances, 2023.

We present a way to check if there exists a very small
fraction of data you can drop to change decisions
Paper: Giordano*, Meager®, Broderick “An Automatic
Finite-Sample Robustness Metric: When Can Dropping a
Little Data Make a Big Difference?” ArXiv: 2011.14999
Code, etc: github.com/rgiordan/zaminfluence

Biology: Shiffman, Giordano, Broderick “Could dropping a few
cells change the takeaways from differential expression?” ArXiv.
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